Background: Many Bioinformatics studies begin with a multiple sequence alignment as the foundation for their research. This is because multiple sequence alignment can be a useful technique for studying molecular evolution and analyzing sequence structure relationships.
Background
Multiple Sequence Alignment (MSA), the simultaneous alignment among three or more nucleotide or amino acid sequences, is one of the most essential tools in molecular biology. The goal of multiple sequence alignment is to align sequences according to their evolutionary relationships. For small lengths and small numbers of sequences, it is possible to create the alignment manually. However, efficient algorithms are essential for good alignments with more than eight sequences [1] . The existing algorithms can be classified into three main categories, exact, progressive and iterative. The iterative approaches can be of two types: iterative, and iterative plus stochastic.
The Dynamic Programming (exact method) approach [2] is good at finding the optimal alignment for two sequences. However, the complexity of this method grows significantly for three or more sequences [3] . We must mention here that MSA is a well-known combinatorial problem (NP-hard) where the computational effort becomes prohibitive with a large number of sequences [4] .
The progressive alignment algorithm (Tree Based algorithm), proposed by Feng and Doolittle [5] iteratively utilizes the method of Needleman and Wunsch [2] in order to obtain an MSA and to construct an evolutionary tree to depict the relationship between sequences. A good number of global alignment algorithms, based on the progressive alignment method, have been proposed, such as MULTALIGN [6] , MUL-TAL [7] , PILEUP [8] and CLUSTALX [9] . MULTAL generates the final alignments by aligning closest sequences subsequently. MULTALIGN and PILEUP make the final alignments from the guide tree (the progressive alignment), which is constructed using UPGMA [10] . CLUSTAL W [1] , based on a progressive approach, is a global method. The CLUSTAL W builds up the final alignments from a guide tree, which is calculated by a neighbour-joining algorithm [11] . CLUSTAL W uses the Weighted Sum of Pair score, which considers sequence weighting and position dependent gap penalties. Although this approach is successful in a wide variety of cases, it suffers from its greediness [12] . The CLUSTAL series (X, W and V) were developed based on the same algorithm. The alignments produced by these programs are exactly the same; the only difference among them is the way the user interacts with the program. PIMA [13] uses local dynamic programming to align only the most conserved motifs. It offers two alignments, MLPIMA and SBPIMA. T-Coffee [12] is a sensitive progressive alignment algorithm which combines information from both global and local alignments. This method is fast but there is a possibility to be trapped at a local minima. The difficulty with the progressive approach is that they usually converge to local optima [1] . To overcome such a limitation, it is recommended to use an iterative or stochastic procedure [14] [15] [16] .
The iterative approach starts with an initial solution and then the current solution is improved using iterative steps. MUSCLE [17] is based on a progressive and iterative algorithm. It has three stages: draft progressive, improve progressive, and refinement. In each stage, a multiple sequence alignment is generated. Similarly MAFFT [18] is also based on a progressive and iterative algorithm. It uses a Fast Fourier Transform (FFT) to identify homologous regions. To evaluate the multiple sequence alignments, MAFFT uses the CLUSTAL W scoring system. ProbCons [19] is a Probabilistic and Consistency based algorithm. It computes posteriorprobability matrices and expected accuracies for each pairwise comparison. It also computes an expected accuracy guide tree to progressively generate a final alignment by applying a probabilistic consistency transformation. ProbCons achieves more accurate results than MUSCLE and MAFFT, but is slower than those algorithms [19] . PRRP [20] is another global alignments program which is based on a progressive approach. This approach is robust, but it does not guarantee optimum solutions [12] . DIALIGN [21] uses a local alignment approach based on a segment to segment comparison, rather than on a residue to residue comparison. This method is successful in highly conserved flanking core blocks, but is unreliable outside the conserved motifs.
There are some iterative and stochastic approaches for MSAs (for example simulated annealing [22, 23] and evolutionary computation [24] [25] [26] [27] [28] ). HMMT [29] , based on a simulated annealing method, maximizes the probability for sequence alignment where the solution could be trapped in local optima [30] . Evolutionary Algorithms (EAs) are population based stochastic global search algorithms. EA starts with an initial population of individual solutions. Different EAs use different representations (e. g. lists, trees, graphs) for the individuals and different reproduction operators (recombination or crossover and mutation) to generate offspring for the next generation. The main driving force in EAs is the selection of individuals based on their fitness (it may be based on the objective function, or some other kind of quality measure). Individuals with higher fitness have a higher probability to be chosen as members of the population of the next generation (or as parents for the generation of new individuals). This corresponds to the principle of survival of the fittest in natural evolution. There has been a variety of different EAs proposed over the years, such as Evolution strategies (ES), Evolutionary Programming (EP), genetic algorithms (GA) and their variants. GAs, the most well known algorithm in the EA family, have been successfully used for both numerical and combinatorial optimization. When using EAs for MSA, an initial seed is generated by a progressive alignment method, and then the steps of an EA are applied to improve the similarities among the sequences. For example, MSA-EA [31] improves the solution of the Clustal V [32] algorithm by initially generating one seed with Clustal V. This method works well when there are a large number of fully matched blocks, but performs poorly when there are only a few fully matched blocks [30] .
There are other Genetic Algorithm (GA) based methods, such as SAGA [28] , MSA-EC [33] , GA-ACO [30] , MSA-GA [34] and RBT-GA [35] . In SAGA, the initial generation is generated randomly with gap (null) symbols inserted randomly inside the sequences to make them equal in length. In this algorithm, 22 different operators are used to gradually improve the fitness of the MSA. These operators are dynamically scheduled during the evolution process. The time complexity of SAGA is large, mainly due to the time required by the repeated use of the fitness function [33] . Shyu et al., [33] proposed two other approaches using GAs. In the first approach, GA was used to evolve an optimal guide tree which was created with the neighbor-joining method. Shyu's second approach facilitates the optimization of a consensus sequence with a GA by using a vertically scalable encoding scheme, in which the number of iterations needed to find an optimal solution is approximately the same regardless of the number of sequences being aligned. Another algorithm, GA-ACO [30] , combines ant colony optimization with GA to overcome the problem of becoming trapped in local optimum. To do this, first GA is run with a randomly generated initial population (initial parent alignments). Its crossover operator then produces one or two offspring [31] from two parents, and a mutation operator provides another possible variation of the alignments. Finally, ACO (Ant Colony Optimization) was applied on the best alignment of the GA approach. MSA-GA is a simple GA based method with a different scoring function. To test this algorithm, the authors performed two sets of five runs for each of 28 test cases from the BAli-Base 2.0 [36] dataset. RBT-GA combines GA with the Rubber Band Technique (RBT) to find optimal protein sequence alignments [37, 38] . RBT is an iterative algorithm that uses a DP table. The authors [35] solved 34 problems from references 2 and 3 of the benchmark BAlibase 2.0 dataset. The experimental results showed that the overall performance of RBT-GA was better than the other methods compared in that paper. We must mention here that local search methods are sometimes integrated with GAs [39] [40] [41] [42] [43] to enhance the performance of GAs in solving MSA problems.
The EAs have an important advantage over progressive methods in that the alignment component can be made independent of the objective function. This means that different fitness functions can be tested without making any adjustment to the alignment procedure, which makes them particularly attractive for testing new objective functions. Another useful advantage of these methods is that the computational duration can be compressed by parallelization. These advantages motivate us to apply EAs to solve MSA problems in this research. In this paper, we propose a new approach based on a genetic algorithm, namely VDGA, where we introduce a decomposition method to divide the sequences into smaller subsequences. These subsequences are then processed separately before being combined back into whole sequences. We have used the guide tree method to generate an initial population, in each separate part of the decomposition, and also during the mutation. The proposed method starts with the DP distance table. In the DP distance table, the distance between two sequences is calculated from a pairwise alignment using Dynamic Programming (DP). We have used this distance table to generate a guide tree. We have applied and analyzed two techniques on the guide tree so as to generate an initial population. In running the GA, we have considered the Weighted Sum of Pair score as the fitness measure, with the PAM250 [44] score matrix and the CLUSTAL W default gap penalties.
The performance of the proposed algorithm has been compared with the state of the art GA and non-GA based methods, namely SAGA, MSA-GA, RBT-GA, PRRP, CLUSTALX, Clustal W, DIALIGN, HMMT, SB_PIMA, ML_PIMA, MULTALIGN and PILEUP8. To allow us to compare with other methods, we have calculated the corresponding BAliscore of the best WSPM score. For comparison, the results of the 26 datasets solved by MSA-GA, and the alignment results of the 34 datasets solved by RBT-GA were taken from the published papers [34] and [35] respectively. However, the results of the other methods mentioned above, were obtained from BAliBase 2.0 [36] . Based on the calculated BAliscores, VDGA outperforms the GA and non-GA based methods mentioned earlier.
This paper is organized as follows. After this background, the next section describes briefly the steps of a basic Genetic Algorithm and the details of the proposed VDGA method. The analyses of VDGA and comparisons with other well known methods have been discussed in the results and discussion section. Finally, we have summarised our work and planed for future work in the conclusions section.
Methods

Genetic Algorithms: The Basic structure
The general steps of the common GA can be summarized by the following pseudo-code:
1. Initialisation: Generate Initial population 2. Evaluation: Evaluate the individuals using a fitness function 3. Select individuals (parents) and then 4. Apply the genetic operators to them so as to create children 5. New generation: Create new generation from some combination of old generation and new child generations. 6. Go to 2 until it meets the stopping criteria . 7. End.
VDGA: The Proposed Algorithm
The proposed Vertical Decomposition using Genetic Algorithm (VDGA) is a modification of the basic GA. Its steps are: generation of initial population, generation of child population by applying genetic operators, forming a new population for the next generation, Vertical Division, and the stopping criteria. The Vertical Division is the key concept of the proposed algorithm. This technique is applied after generating the first/initial generation and after generating child generation. To do this, inside the Vertical Division step, the alignment is separated into different parts, the null symbols are removed from each part and then the tree-base method is applied on each part. After applying the tree-base method, each part produces an alignment. The alignments of each part are then combined to create a new alignment. As the solution of the progressive alignment method (guide tree) usually converges to a local optimum, therefore in the initial generation stage, we use the guide tree method to find the local optima and its neighbouring points in two ways; randomly generated subtree and shuffling. With the genetic operator (mutation), we also use the guide tree method. To calculate the guide tree, we use both DP [2] and the Kimura distance [45] tables as discussed below.
Distance Calculation Dynamic Distance Calculation
For this, the DP distance of each pair is calculated using equation (1) from a pairwise alignment [2] . To construct the DP distance matrix (table), which shows the distance between all sequence pairs are calculated,
Kimura Protein Distance Calculation
Equation (2) is an alternate means to calculate the distance, and was developed based on the relationship between the observed amino acid substitutions and the actual (corrected) substitutions from PAM or BLOSUM [46] . The match score is calculated by summing the number of exact matches. In this method, the partial matches between ambiguous symbols also contributes to the match score as fractional scores. The value of S is computed by dividing the match score by the number of positions scored. Gap positions are ignored, and only exact matches contribute to the match score [47] .
The flowchart of the proposed VDGA method is shown in Figure 1 . In this figure, the block arrows represent the steps of the algorithm and the black color arrows represent the use of guide trees inside the proposed algorithm. The steps of this method are explained below.
Initial Generation
The aim of this step is to generate good initial solutions. The flowchart for generating the initial population is shown in Figure 2 and the stages are described below.
Stage 1
VDGA starts with a DP distance table. The guide tree is constructed from this table, which is referred to as TR1, and we generate a multiple sequence alignment (MSA1) from this guide tree.
Stage 2
In the second stage, the distance table is calculated from the multiple sequence alignment (MSA1), which is called the Kimura distance table. The Kimura distances are calculated from the aligned sequences. The second tree, TR2, is constructed from the Kimura distance table, and we then produce MSA2 as shown in Figure 2 .
Stage 3
In this stage, two mechanisms are implemented on the two trees (TR1 and TR2) to generate 100 different trees. The first mechanism is to generate guide trees with randomly selected sequences and the second is shuffling the sequences inside those trees. The initial population produced by this method contains a set of multiple sequence alignments. Therefore, after receiving the set of guide trees, it needs to make a set of multiple sequence alignments. The functions of these mechanisms are explained below.
Mechanism 1
In this case, sequence numbers are selected randomly from one tree (either TR1 or TR2). The selected sequences then make a new sub-tree with the same branching orders as the original one, and the nonselected sequences make another new sub-tree. Lastly, these two sub-trees are connected together to make a new tree. Figure 3 shows the behaviour of Mechanism 1.
Mechanism 2
In this case, two sequence numbers are selected randomly from one tree (either TR1 or TR2). Then, these two sequences exchange their positions to make a new tree. Figure 4 shows the function of Mechanism 2.
Fitness
The Weighted Sum of Pair Method (WSPM) is commonly used as a fitness measure for MSAs. For it, each column in an alignment is scored by summing the product of the scores of each pair of symbols and their pair weight. The score of the entire alignment is then summed over all column scores by using equations (3) and (4) . Here, S is the cost of the multiple alignments. L is the length (columns) of the alignment; S l is the cost of the l-th column of L length. N is the number of sequences, and W ij is the weight of sequence i and j. In CLUSTAL W, the weight is calculated for each sequence and the pair weight is the product of the two sequence weights. cost(A i ,A j ) is the alignment score between the two aligned sequences A i and A j . When A i ≠ '-' and A j ≠ '-' then cost(A i ,A j ) is determined either from the PAM (Percentage of Acceptable point Mutations) or BLO-SUM [46] matrix. Also when A i = '-' and A j = '-' then cost(A i ,A j ) = 0. Finally, the cost function cost(A i ,A j ) includes the sum of the substitution costs of the insertion/deletions when A i ≠ '-' and A j = '-' or A i = '-' and A j ≠ '-', using a model with affine gap penalties as shown in (4) .
Here, G is the gap penalty, g is the cost of opening a gap, x is the cost of extending the gap by one and n is the length of the gap.
In CLUSTAL W, the author used different weight matrices, which depend on the estimated divergence of the sequences to be aligned at each stage, and proposed dynamically changeable gap penalties to overcome the local minima issue. Therefore, in this research, the CLUSTAL W weighted scheme, the CLUSTAL W default gap penalties (gap opening penalty is -10 and the gap extension penalty is -0.20), and the PAM250 matrix, a mutation probability matrix, were considered for the WSPM fitness measure. Note that PAM250 is considered to be a good general matrix for protein database searching. Also, the PAM matrices have been developed based on global alignments. To calculate the weight of each sequence, we used the CLUSTAL W weight function.
To optimize the VDGA, we have used both the sum of pair and the weighted sum of pair methods for the fitness function in our research. However, we have only reported the weighted sum of pair scores as the algorithm with this method performed better than with the sum of pair fitness function. This is because of the features (such as selection and crossover) and the parameters used in our algorithm.
Child Generation
For each individual in the initial population, the WSPM score is calculated, and the individuals are then sorted according to the descending order of their scores. To generate a child population of 100 individuals in any generation, the following three genetic operators are used.
I. Single point crossover. II. Multiple point crossovers. III. Mutation.
The following sub-section 'Selection of Parameters' considers the relative proportion of when these operators are used.
1) Single Point Crossover
In this crossover, one individual is selected from the top 50% and another from the bottom 50% of the parent generation. The single point crossover [28] is implemented as shown in Figure 5 . Its procedure is that first a column position is selected randomly as shown with a "*" in Figure 5 . The parent having the better score is then divided vertically at that column. Let us assume that parent a has the better score column, so that this parent is separated vertically into two pieces. The second parent b is also divided into two pieces in such a way that each row of the first piece (and hence also the second piece) has the same number of elements as the first piece (and hence also the second piece) of the first parent. These pieces of these two parents are then exchanged and merged together to generate two new individuals as shown in Figure 5 . However, only the better new individual is chosen to be a child.
2) Multiple Point Crossovers
The parents' selection process is the same as for the single point crossover. For multiple point crossovers, each parent is divided into three pieces. These pieces are then exchanged between the parents and are then merged together to generate two new individuals. However, only the best one will be taken as a child. The crossover is implemented in two steps as described below.
Step 1
To cut the first piece effectively, we compare the scores of the first 25% of columns for both parents. The parent having the better score is then divided vertically at that column. The other parent is also divided using the mechanism that was introduced in the single point crossover, as can be seen in Figure 6 .
Step 2
We now have two pieces of each parent from Step 1. To create another piece, we follow the same procedure of Step 1, but considering the last 25% of columns (as shown in Figure 6 ). This gives us three pieces for each parent. To complete the crossover, the middle pieces are exchanged between the parents, and then all three pieces are merged together to generate the two new individuals as shown in Figure 6 .
In Figure 6 , the lengths (columns) of the two parents (parent a and parent b) are 10 and 12 respectively. The first 25% of the columns of the 1 st parent are two and a half (2.5) columns. In that case, we considered 3 columns. In the first step, parent a has the better score in the first 25% columns. Therefore, Parent a is divided first and Parent b is tailored according to Parent a. After the division, we have two pieces from each parent (a1 and a2 from Parent a; b1 and b2 from Parent b). In the 2 nd step, Parent b has the better score in the last 25% of columns. Therefore, Parent b is divided first and Parent a is tailored accordingly. This division provides two new pieces for each parent (a2' and a3 from a2; b2' and b3 from b2). Next, two new individuals are generated by connecting the pieces as (a1+b2'+a3) and (b1 +a2'+b3). From these two individuals, the better one is selected as a child.
3) Mutation
One individual (MSA) is randomly selected from the whole population. From this MSA, the distance among sequences are calculated and stored in a distance table.
The new guide tree is constructed from this calculated distance. In the new guide tree, the sequence numbers are shuffled to find a better guide tree and the MSA of the new guide tree is considered as a mutated child. This process is repeated until 50 sequential unsuccessful attempts occur. If this operator finds a better guide tree then it is considered as a new child, otherwise there is no effect on this generation. The procedure of mutation is shown in Figure 7 .
4) Elitism
This common GA approach is used, whereby the best solution is passed on unchanged to the next generation.
Vertical Division
For Vertical Division, we first separated (decomposed) each alignment vertically into two or more sub-alignments as shown in Figure 8 (a). After that, the null symbols "-" were removed from each decomposed part. Then the guide tree method was applied in each decomposed part. Therefore, we received a new alignment from each decomposed part, which may or may not be the same as the previous part. Now all of the new decomposed parts are connected together. In this way we obtain a new alignment. If the new alignment is better than the previous one, then the new alignment is kept, rather than the previous alignment. The working stages of this process are illustrated in Figure 8 . Figure 8 (a) shows a multiple sequence alignment (MSA) before Vertical Division. To explain the process of Vertical Division, three divisions are considered as shown in Figure 8 (b). Next, the null symbols are removed from each decomposed part as shown in Figure  8 (c). Following that, the tree-base method is applied with each decomposed part and the new alignment of each decomposed part is determined as shown in Figure  8(d) . Finally, the new alignments of the three decomposed parts are combined and thus we obtain the new alignment after the process of Vertical Division, as shown in Figure 8 (e).
The Vertical Division step is applied in two places inside the proposed algorithm: once after the initial generation, and then after each child generation. We do New Guide Tree
this so we can apply the Vertical Division technique on aligned sequences. This is due to the fact that if the sequences are of different lengths, the Vertical decomposition of unaligned sequences may introduce either too many or too few residues in each decomposed part. Therefore, it could be difficult for the Vertical decomposition of an unaligned sequence to produce a good solution.
Motivation for Vertical Division
It is known that smaller sequences can be aligned quickly with a high level of accuracy [48] . This motivates us to divide the longer sequences into smaller parts, align them separately, and then combine them to generate aligned complete sequences. We have also observed in aligned sequences that sometimes the residue (character) is almost trivially incorrectly aligned. However, for larger sequence lengths and for a large number of sequences, it is computationally expensive to improve the multiple sequence alignments by simply shuffling the null symbols for the entire length of the MSA. Therefore, we have proposed an alternative, but efficient option to improve the MSA.
New Generation
To form the new population, the best 50% of the combined parents and children are selected while ensuring that there is no duplication of the individuals. We must mention here that we have also studied other splits, such as 40-60 (parent-child) and 60-40. The study results showed that the 50-50 split outperforms the 40-60 and 60-40 splits with an average improvement of 4.38% and 7.66% respectively. Therefore, we have chosen the 50-50 mix with the proposed VDGA, which ensures a better balance between exploration and exploitation. The population size of 100 is chosen as it was used in SAGA [28] . Moreover, we have experimented with other population sizes which are discussed in a later section. The process of forming a new generation is demonstrated in Figure 9 . The new population is then considered as the parent population in the next generation and so is used to continue the evolution process of VDGA.
Termination Condition
The best solution in each generation is recorded. If the best solution remains the same in 100 consecutive generations, the algorithm will be terminated. We have set this termination condition based on our experimental observations. We have tested our VDGA algorithm for up to 300 generations after getting the best solution, and we have observed that the best solution was hardly changed and that the variation of the average solution per generation was also insignificant.
Results and Discussion
Test Datasets
In order to evaluate our proposed approach, we have solved a good number of test datasets from the benchmark BAliBase alignment database. The original BAli-Base version 1.0 [49] consists of 142 reference 
(a) MSA before Decomposition. 
Experimental Study
In this section, we have first analyzed the performance of the vertical decompositions with both the guide tree and the genetic algorithm. From that, we have proposed the appropriate number of decompositions with the proposed GA method. Finally, we have compared our algorithm (VDGA) with other well-known methods. In this research, we have analyzed our results based on 10 independent runs. In comparison, MSA-GA and RBT-GA used 5 and 10 runs respectively.
Vertical Division/Decomposition with Guide-tree
Initially, multiple sequence alignments were done without a GA but solely by the application of the guide tree method followed by the results of that being decomposed vertically into two, three and four parts, namely Decomp_2, Decomp_3 and Decomp_4 respectively with the null symbols ("-") being removed from each part. Then we again applied the guide tree methods in each part of the decomposition. These alignments were evaluated by WSPM and their corresponding BAliscore were also calculated. Both of these scores are reported in Table 1 . In this case, we carried out experiments for 34 datasets from references 2 and 3 of the BAliBase (version 2.0) [36] datasets. We also performed a non-parametric statistical test, namely the Wilcoxon Signed Rank Test [50] , with respect to the WSPM score and also BAliscore as shown in Table 2 .
Comparing with the WSPM solutions of the guide tree, it is observed from Table 1 and Table 2 that Decomp_2 was better in 29 test cases and found the same best results in 3 test cases out of 34 test cases. Decomp_3 found the same best results in 1 test case and successfully found better solutions in 33 test cases. Moreover, Decomp_4 was better in 32 test cases and in two test cases it found the same best results. The non-parametric test shows that these vertical decompositions are significantly better than the guide tree.
On the other hand, comparing with the corresponding BAliscore solutions of the guide tree, Decomp_2 was better in 23 test cases and found the same best results in 5 test cases, Decomp_3 was better in 29 test cases and found the same bestn results in one test case, Decomp_4 was also better in 29 test cases and in three test cases it found the same best results out of 34 test cases. The non-parametric test also shows the significant advantage of these vertical decompositions with guide tree.
From the experimental observation it is clear that the multiple sequence alignments using vertical decompositions perform better than that of the guide tree method in most of the test cases. In a very few cases, these techniques perform badly, or the same as, the guide tree. Although in general Decomp_3 performed best, sometimes the other decompositions performed better in some cases. After these experimental and statistical analyses with respect to the objective function and benchmark scores, we can safely conclude that the vertical decompositions can play an important role in improving existing solutions, and there is a possibility to find a better multiple sequence alignment if the vertical decompositions are used with an evolutionary approach (such as a genetic algorithm).
Analysis of Vertical Decomposition with GA
In this section, we have first analyzed the selection of parameters for VDGA and then discussed the appropriate number of decompositions. In some of the following analysis, the decomposition was kept inactive to judge the parameter's effect individually.
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Best scored Parent Best scored Children Individuals Figure 9 Graphical presentation of generating New Generation. • Selection of Parameters
In the proposed VDGA algorithm, we have used two basic search operators: crossover and mutation. In order to determine the probabilities of crossover and mutation, we have excluded the decompositions from GA and have carried out five different experiments (100% crossover; 60% crossover & 40% mutation; 50% crossover & 50% mutation; 40% crossover & 60% mutation; and 100% crossover), using ten randomly selected Bali-Base datasets (version 2.0) [36] . Our GA with the 50%crossover & 50%-mutation option obtained the best solutions for seven out of ten datasets, the 60%-crossover & 40%-mutation for two and 40%-crossover & 60%-mutation for one (but as the same as that of 50%crossover & 50%-mutation). The options 100%-crossover achieved the best solution in one test case. However, the option 100%-mutation did not achieve any best solution. The solutions obtained by the 50%-crossover & 50%mutation for the other three datasets were close to the best scores. The GA with 50% crossover & 50% mutation (which is the 3 rd mix) achieved an average improvement of 4.66% over the first mix, 0.421% over the second mix, 1.02% over the fourth mix and 4.93% over the fifth mix. From the experimental performance, we have decided to use 50% probabilities of crossover and mutation with VDGA. For the 50% crossovers, single point crossover is selected for half of them and double point crossover is used for the other half. These selections were also decided based on experimental analysis. To form the child population from the parent population, we have divided the population into two groups based on their fitness values. Then one individual is selected from the top 50% and another from the bottom 50% for crossover. However, the new population is formed by taking the best individuals from the combined previous parents and children.
We have chosen the population size of 100 as used in SAGA [28] . However, we have run experiments using the population sizes 50, 100 and 200 with 50% crossover & 50% mutation. The performance of VDGA with a population size 100 is significantly better than that of with a population size 50 and shows no significant difference with a population size 200.
• Effect of Operators and Initial Population
The proposed genetic algorithm, VDGA, uses an improved initial population and new genetic operators that contribute to it performing better than other algorithms. To analyze the effect of these two components on the algorithm's performance, we have excluded the decomposition part from our algorithm and tested two sets of new experiments. In the first set, GA was run with a randomly generated initial population (instead of our improved initial population), and the second set used a hill climbing approach (for searching instead of our GA) starting from the improved initial population. WSPM was used as the fitness measure. Based on the corresponding BAliscore of the best found WSPM solution, the full algorithm achieved an average improvement of 8.43% compared to the same with the randomly generated initial population and 12.79% compared to the hill climbing approach. The first set of experiments thus proved the superiority of our proposed initial population, and the second set demonstrated the strength of our proposed genetic search operators.
• Staging of Decomposition with VDGA
To determine the appropriate stage for using decomposition inside VDGA, we have carried out experiments on eight datasets from BAliBase. We have tested our algorithm using decompositions in three cases. In the first case, the decompositions were used only after the initial generation, in the second case only after each child generation and finally after all generations. For Decomp_2, the VDGA with the third case improved the average solution by 1.74% better than the first case and 0.6% better than the second case. For Decomp_3, the VDGA with the third case improved the average solution of 2.91% compared to the first case and 0.87% compared to the second case. Moreover, Decomp_4 with the third case improved the average solution by 3.08% more than the first case but the second case performed better than the third case. Although VDGA with the third case for decomposition 4, did not perform better than with the second case, with other decompositions (Decomp_2 and Decomp_3) VDGA achieved much better average performance when the decompositions were used after all (initial and each child) generations, in comparison to the first and second cases. From these experimental observations, we have decided to use the decomposition technique after all generations.
• Performance of Decompositions with GA
In order to judge the performance of the Vertical Division with GA, we have also performed experiments for 34 datasets from BAliBase 2.0, where we have considered the GA and also the VDGA (Vertical Decompositions with GA) algorithms. The algorithms were each executed for 10 independent runs. For each dataset, the best and average WSPM scores out of the 10 runs were recorded, and the corresponding BAliscore of the best found WSPM solution was also calculated. The best and average WSPM scores and the corresponding BAliscore are reported in Table 3 . To compare with other results and algorithms, we have carried out non-parametric statistical testing with the Wilcoxon Signed Rank test with respect to the best WSPM score, the average score and also with the corresponding BAliscore as shown in Table 4 .
Comparing with GA in terms of the best WSPM score, VDGA with Decomp_2 was better in 27, and worse in 7 test cases as shown in Table 3 and Table 4 . The Z value (-3.189) and the significant test result (P = 0.001 < = 0.05) in Table 4 show that VDGA with Decomp_2 is significantly better than GA. VDGA with Decomp_3 found better solution in 31 test cases, and the statistical test results (Z=-4.625; P = 0.00) prove that the VDGA with Decomp_3 is also significantly better than GA. Moreover, VDGA with Decomp_4 is also significantly better than GA. In doing so it found better solutions in 29 Table  4 show that VDGA with Decomp_2 is not significantly different than VDGA with Decomp_4.
Also comparing with the corresponding BAliscore of the best finding WSPM solution, VDGA with Decomp_2 was better in 22 test cases, Decomp_3 was in 24 and Decom_4 was in 23. The significance test in Table 4 shows that VDGA with Decomp_2 and also with Decomp_4 are not significantly different than GA. However, VDGA with Decomp_3 is significantly better than GA. Moreover, VDGA with Decomp_2 and with Decomp_4 are not significantly different. VDGA with Decomp_3 is significantly better than the two other decompositions.
From the above experimental results and their statistical analyses, it is clear that VDGA with Decomp_3 found better solutions in more test cases than the other two decompositions and GA, and it is significantly better than GA and VDGA with the other two decompositions with respect to the best and average WSPM score and the corresponding BAliscore. As we have considered test sequences with length of up to 1000 in this research, we considered that the appropriate number of divisions for VDGA is 3 (Decomp_3) for sequences up to 1000 length. Further experiments would be required to determine the best setting for longer sequences.
• Computational Effort and Convergence
The computational time required for finding good multiple sequence alignments is dependent on the sequence length, the number of sequences, and the similarities of the sequences. In addition, the choice of algorithmic parameters also plays an important role. We have tried to develop a relationship between the computational time required (with our algorithm) and the sequence length and sequence numbers. However, it is hard to make any firm conclusion based on linear/nonlinear regression analysis.
To show the convergence behavior of our algorithm (VDGA with Decomp_3), we have plotted the best and the average WSPM scores against the number of generations. As examples, three such plots (for one specific run) for three datasets from reference 3 are presented in Figure 10 . These graphs show that our algorithm improved both the best and the average scores very rapidly at the initial stage of the search process and that the best score then converged to a solution. This is the type of pattern we expect from good search algorithms. As of the plots, although the average scores do not converge, the rate of improvement for the best score in the later generations of the algorithm is insignificant.
Quality of Solutions
To judge the quality of the solutions produced by our algorithm, we have considered only those benchmark datasets and algorithms that were considered in the papers reporting MSA-GA and RBT-GA, and that used BAliscore (an open source program of the BAliBase benchmark) to measure the accuracy of the solutions. The authors of MSA-GA considered the best solution of five runs for each dataset and reported the BAliscore. Moreover, the authors of RBT-GA also reported the best solution of ten runs with BAliscore. In our algorithm, we considered ten independent runs of each dataset and have used the corresponding BAliscore of the best found WSPM solution. BAliscore scores a solution (multiple sequence alignment) between 0.0 and 1.0. If the solution is identical with the corresponding manually created reference alignment then the score is 1.0. If nothing matches with the reference alignment then the score is 0.0. However, if some parts match with the reference alignment, then the score is in between 0.0 and 1.0.
In MSA-GA, the authors considered 28 test datasets from references 1 to 5 and reference 8. Among them, 18 datasets were from reference 1 and two were from each of the other reference datasets. However, currently BAliscore does not work for reference set 8. This is because of insufficient information supplied either by the reference alignment file or by the annotation file. Therefore, we excluded the two datasets of reference 8, thus leaving 26 for comparison. In RBT-GA, the author considered all 23 test datasets of reference 2, and 11 out of 12 from reference 3. In total, we considered 56 test datasets, including 18 from reference 1, 23 (all) from reference 2, 11 from reference 3, and 2 from each of references 4 and 5. All these datasets belong to the BAliBase 2.0 benchmark datasets.
Problem Solving with VDGA_Decomp_3
For each of the 56 datasets, we have executed our algorithm for 10 independent runs and recorded the best, worst, and average WSPM scores with standard deviation, and the corresponding BAliscore of the best WSPM score in Table 5 . The WSPM scores could be either positive or negative, as it depends on the level of similarity among the residues in the sequences. This is because, if the residues among the comparable sequences are similar, or partially similar, it needs a small number of null ('-') symbols to make an alignment of the sequences. In this case, the WSPM score of this alignment is positive. On the other hand, if the dissimilar parts among the sequences are high, a large number of null symbols are added to the alignment. In this case, the WSPM score becomes negative because of gap penalties. Note that high positive values and low negative values are considered as good scores. We must also mention here that the average scores in the 10 runs were not very different and hence the standard deviations were small. For comparisons with other methods, we have taken from the published literature [34] [35] [36] 51] the benchmark BAliscore results of those methods. The authors Gondro and Kinghorn (2007) in MSA-GA [34] , Taheri and Zomaya, (2009) in RBT-GA [35] , and Bahr et al. (2000) in BAliBase [36] reported only SPS scores for comparisons. Therefore, for them we have compared only the SPS scores. However, we also recorded the CS score of the proposed VDGA method from the BAliscore program. The comparisons are discussed below.
Comparing VDGA with MSA-GA and Other Methods
To compare with the other methods, we have considered all three decompositions (Decomp_2, Decomp_3 and Decomp_4) with VDGA. The authors of MSA-GA [33] selected 28 test cases from references 1 to reference 5 and reference 8. As discussed earlier, we have considered 26 out of these 28 test cases. The results are provided in Table 6 and are plotted in Figure 11 .
In Table 6 , the bold face data represents the best performing scores among the methods. From Table 6 and Figure 11 , it is observed that VDGA with three decompositions achieved more accurate solutions than the others, in 19 Based on the average scores reported in the bottom row in Table 6 and plotted in Figure 12 , the VDGAs with decomposition (Decomp_2, Decomp_3 and Decomp_4) achieved higher scores and among these VDGA_Decomp_3 was the best for the 26 datasets. From the experimental results, we can claim that VDGA had better performance on these 26 test cases. The average CS score of VDGA for the MSA-GA selected datasets was 0.663.
Comparing VDGA with RBT-GA
We have also compared our results with RBT-GA. We have considered all of the 34 datasets and their approximate results as reported in the RBT-GA paper [35] . The summary of the experimental results of references 2 and 3 are presented in Table 7 and Table 8 and are plotted in Figure 13 and Figure 14 respectively.
• Performance of VDGA in Reference 2
The 23 datasets in this reference are significantly different in lengths and numbers of their sequences. They also contain what is called "orphan sequences". VDGA performed differently with different datasets. To judge the performance of VDGA with respect to BAliscore, we have compared with SAGA, RBT-GA, PRRP, CLUS-TALX, DIALIGN, HMMT, SB_PIMA, ML_PIMA, MULTALIGN and PILEUP8. Table 7 and Figure 13 show that for the 23 test cases, the VDGAs (Decomp_2, Decomp_3 and Decomp_4 together) were successful in finding more accurate solutions than the others in 21 test cases, and RBT-GA was successful in finding better solutions in 3 out of 23 test cases. RBT-GA and VDGA achieved the same best value in one test case. Among the successful 21 test cases, VDGA with Decomp_2 The average scores are also shown in Table 7 and are plotted in Figure 15 . This figure shows that all vertical decompositions achieved higher average accuracy than the other methods considered in this section. Of those, VDGA_Decomp_3 achieved the highest average accuracy, as it performed better for almost all test cases in reference 2. The average CS score of VDGA for reference 2 was 0.814.
• Performance of VDGA in Reference 3
Reference 3 contains sub-groups of sequences where the residue identities between groups are less than 25%. In this paper, we considered 11 test cases out of 12, and the experimental results that are presented in Table 8 and Figure 14 show that VDGA found more accurate MSAs in 9 test cases, where VDGA_Decomp_2 was best in 1 test case, Decomp_3 in 5 and Decomp_4 in 2 test cases. VDGA_Decomp_3 and 4 found the same highest score in one test case. Whereas SAGA was successful in finding the best score in one, PRRP in one and ML_PIMA in one test case. PRRP and ML_PIMA found the same solution for one test case (1r69). Figure 14 shows that for some test cases, most of the methods could not find any similarities in their solutions, in comparison to the reference alignments. Therefore, these methods received zero score. PRRP and ML_PIMA achieved the same best score in one test case, but both received a zero score for another test case. However, VDGA did not obtain any zero score.
The overall performance of all the methods for this reference is presented in Figure 16 . Although the VDGA method did not achieve high accuracy solutions in some test cases, the average performance of this method with three decompositions are clearly better than the others as shown in Figure 16 . The average scores of VDGA_-Decomp_2 and Decomp_4 are higher than other methods, while VDGA_Decomp_3 achieved the highest average score. Therefore, we can conclude that the overall performance of VDGA in reference 3 is also better than the other methods mentioned earlier. The average CS score of our VDGA approach for the RBT-GA selected datasets for reference 3 was 0.524.
Statistical Analysis
To study the difference between any two stochastic algorithms in a more meaningful way, we have performed statistical significant testing. We have chosen a non-parametric test, Wilcoxon Signed Rank test [50] , as it allows us to judge the difference between paired scores when it cannot make the assumption required by the paired-samples t test, such as that the population should be normally distributed. The results based on the best found solutions of VDGA are presented in Table 9 , where W (= W + or W -) is the sum of ranks based on the absolute value of the difference between two test variables. The sign of the difference between two independent samples is used to classify cases into one of two samples: differences below zero (negative rank W -), or above zero (positive rank W + ). As a null hypothesis, it is assumed that there is no significant difference between two samples. The alternative hypothesis is that there is a significant difference in the fitness values of the two samples. Hence, if the hypothesis test rejects the null hypothesis, then there is a significant difference, Figure 11 Graphical presentations of the experimental results on MSA-GA selected datasets.
otherwise there is no significant difference. The number of test problems is N = 26 and 34 for MSA-GA and RBT-GA respectively, and we have used the 5% significance level. Based on the test results/rankings, we assigned two words ('yes' for P < = 0.05 or 'no' for P > 0.05 ) for the comparison of any two algorithms (as shown in the fifth column), where 'yes' means that the VDGA algorithm (with Decomp_3) is significantly different and better than the second, 'no' means that this is worse and there is no significant difference between the two algorithms, and 'same' means there is no significant difference and VDGA performed the same as the second. We tested for significant with the BAliscore corresponding to the best found WSPM scores produced by VDGA, in comparison to the published BAliscore results of the other methods. In this comparison, we have considered only Decomp_3 with VDGA, as we have found from the preceding experiments that Decomp_3 is the best for VDGA. Therefore, to test the significance we have considered only VDGA_Decomp_3. In Table 9 , it shows that there is a significant difference when VDGA_De-comp_3 is compared with MSA-GA, MSA-GA w/prealign and CLUSTAL W for the dataset used in MSA-GA, and when comparing VDGA_Decomp_3 with PRRP, CLUSTALX, SAGA, DIALIGN, HMMT, SB_PIMA, ML_PIMA, MULTALIGN, PILEUP8 and RBT-GA for the dataset used in RBT-GA, as indicated by the hypothesis test decision and the significance values. VDGA_De-comp_3 is also significantly different than VDGA_Decomp_2 and VDGA_Decomp_4 for all the test cases. From the experimental observations, it is clear that VDGA is significantly better according to the Wilcoxon Signed Ranks test.
Conclusions
In this paper, a new GA based algorithm with Vertical Decomposition (VDGA) has been proposed to solve multiple sequence alignment problems. This approach works with the solution of a guide tree. To generate an initial population, two mechanisms are used. To assess the performance of the algorithm, a number of experiments were carried out for deciding the initial population, the genetic operator, an appropriate set of parameters for GA and of the suitable number of decompositions.
An initial experiment was run to determine the parameters, and from the experimental results, the probability of crossover and mutation was set to 50%-50%. A simple hill climbing method with the standard VDGA initial population was performed to verify the performance of the genetic operators. Moreover, the VDGA method was also run with a randomly generated initial population to judge the performance of the initial generation. To test the performance of the decomposition, this technique was applied on the solution of the guide tree as well as inside the GA. The experimental results showed that the decomposition technique can successfully find better multiple sequence alignments, and also that the optimum number of decompositions for VDGA is 3 (i.e. Decomp_3).
To evaluate our proposed approach, we considered a good number of benchmark datasets from BAliBase 2.0, so as to cover all the test sets of MSA-GA and RBT- GA. The proposed method was optimized based on the Weighted Sum of Pair score. Therefore, the BAliscore corresponds to the best WSPM score. This was used to compare with other methods, as the BAliscore is widely used as the measure of quality/accuracy of multiple sequence alignments. The experimental results showed that VDGA performed better for most of the test cases. Although the solution of VDGA was not the best for some test cases, it was close to the best for those cases. The overall behavior of our proposed method outperformed all of the other methods considered in this paper. VDGA performed better than the others mainly because of our proposed initial generation, the genetic operators, the operators setting, and most importantly its decomposition technique.
After statistical and experimental analysis, we can safely conclude that the proposed method, VDGA with Decomp_3, can be considered as an effective method for solving multiple sequence alignment problems.
Future studies intend to extend the experiments and to find a more efficient way for decomposition of longer and many sequences. We also want to optimize Figure 15 Overall Performance of all methods in reference 2 datasets.
Figure 16
Overall performance of all methods in reference 3 datasets. VDGA with different scoring schemes, such as the recent Log Expectation scoring function [17] , as well as the consistency-based objective functions of COF-FEE [52] and T-COFFEE [12] , in order to test its performance.
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